abstract: Experiments that manipulate species richness and measure ecosystem functioning attempt to separate the effects of species richness (the number of species) from those of species identity. We introduce an experimental design that ensures that each species is selected the same number of times at each level of species richness. In combination with a linear model analysis, this approach is able to unambiguously partition the variance due to different species identities and the variance due to nonlinear species richness, a proxy measure for interactions among species. Our design and analysis provide several advantages over methods that are currently used. First, the linear model method has the potential to directly estimate the role of various ecological mechanisms (e.g., competition, facilitation) rather than the consequences of those mechanisms (e.g., the "complementarity effect"). Second, unlike other methods that are currently used, this one is able to estimate the impact of diversity when the contribution of individual species in a mixture is unknown.
Introduction
Among the principal goals of community and ecosystem ecology is to understand how species contribute to ecosystem processes such as the rate and stability of nutrient cycling (Hooper et al. 2005; Balvanera et al. 2006 ). The issue is also of conservation interest because species loss might have adverse impacts on the remaining community or on human society Srivastava and Vellend 2005) . As a consequence, experiments that manipulate species richness (the number of species) and measure ecosystem functioning (e.g., productivity) have be-come common over the past decade (Balvanera et al. 2006; Cardinale et al. 2006) .
The original experiments in the field generated some controversy surrounding the design and statistical analysis of the experiments and the degree to which mechanisms can be inferred from the results (Aarssen 1997; Huston 1997; Tilman et al. 1997; Wardle 1998 Wardle , 1999 Huston et al. 2000) . When the species richness of a community is manipulated, it is not independent of the manipulation of the presence or absence of particular species in the community (Schmid et al. 2002a) . As a consequence of this constraint on the way in which biodiversity experiments can be designed, analyses of the experiments are hampered by the difficulty of separating the impact of species richness on ecosystem functioning from the impact of constituent species. If the presence or absence of each species in an experimental community is considered as a separate experimental factor, then a full factorial experiment design contains all possible species compositions that can be derived from a species pool. This design is the preferred design because it gives the maximum amount of information about how composition and richness affect ecosystem functioning. However, such experiments quickly become intractable because the number of compositions accelerates with increasing species richness. The full factorial design might be reasonable for the simplest experiments that use just a few species, but it is clearly impractical even for the most species-poor natural communities, which might contain dozens to hundreds of species. Useful experimental designs reflect this compromise between tractability and complete information by selecting a subset of the possible compositions.
The design that most recent large-scale experiments (Hector et al. 1999; Tilman 1999a) have used is to sample the S available species randomly with replacement at each level of species richness. In the random draw design, for any particular mixture, there is a higher probability of selecting species with a large effect on ecosystem functioning, if one exists, at high compared with low levels of species richness (Aarssen 1997; Huston 1997; Huston and McBride 2002) . If two of the species interact in some way, the probability that those species will be contained together in a composition (and therefore that the interaction occurs) increases as the number of species in the composition increases. The way in which the experiment is designed can therefore alter the conclusions, so the first purpose of this article is to investigate the consequence of using a different experiment design.
In addition to the issues surrounding the design of biodiversity experiments, there has also been much discussion of how biodiversity-ecosystem functioning experiments should be analyzed to infer ecological mechanisms (Loreau and Hector 2001; Schmid et al. 2002a; Fox 2005 Fox , 2006 Fox and Harpole 2008) . For example, if species occupy distinct niches (e.g., feed on different resources), then species-rich communities will also be more productive because more of the total resource pool is utilized (the "complementarity" effect). Alternatively, species-rich communities might have higher levels of functioning because they are more likely to include competitively dominant species that also have relatively large effects on functioning (the "selection" effect; Tilman 1999b). The earliest experiments were ambiguous because they could not distinguish among ecological mechanisms, both because of deficiencies in the way the experiments were designed and because of a lack of analytical tools.
The initial biodiversity-ecosystem functioning experiments used the ANOVA framework (Hector et al. 1999) . If there are M unique species compositions in an experiment and the species richness of each composition is R, then the observed variation in ecosystem functioning can be partitioned into variation due to richness, variation due to compositions nested in richness, and residual variation (Schmid et al. 2002a ). However, in most experimental designs-which lack features of the design presented herethere are some notable drawbacks with this method of analysis. First, the analysis assumes that compositions are independent and so does not take into account that some pairs of species compositions share species or share more species than others (the "variance-reduction effect"; Huston 1997). Second, there is no insight into the relative importance of each species in determining the level of ecosystem functioning. The primary goal of the current study is to overcome these drawbacks.
Current methods have developed additional analyses outside of the ANOVA framework. Loreau and Hector (2001) introduced a method that partitions the net effect of species richness on ecosystem functioning into two terms that are interpreted as the effect of niche complementarity and the effect of selection on ecosystem functioning. There are three main drawbacks with the method. First, there is continuing debate as to the degree to which the model describes complementarity and selection effects (Petchey 2003; Fox 2005 ). This problem is surmountable, and there are continued efforts to develop these analyses to improve the ecological interpretation of the results (Fox 2005) . Second, in these analyses, functioning of mixtures is compared to monoculture functioning, and thus, the level of functioning associated with every monoculture is required. Analyses that relax this constraint have recently been developed (Fox 2006) , although other design constraints are imposed. Third, in order to perform the calculations for any of the approaches currently employed, it is necessary to measure the contribution of every species in a community to the particular ecosystem function of interest (e.g., biomass production). Obtaining this information is often difficult or impossible either because of practical constraints or because these are "emergent" properties of the communities (Fox and Harpole 2008) . For example, if there is a positive relationship between species richness and stability (e.g., of community biomass), stability is an emergent property of the community, and it is unclear how to measure the contribution of every species to stability in polyculture. This last constraint is a particular hindrance to biodiversity-ecosystem functioning research because the contribution of each species to functioning cannot be measured for most functions of ecological and economic importance.
We describe an experimental design and corresponding linear model method that overcome these three difficulties. For experiments using the new design, the method is able to assess the influence of both species richness and species identity on ecosystem functioning without requiring knowledge of the contribution of individual species to ecosystem functioning in mixture.
The Random Partitions Design
We have developed an experimental design that randomly partitions the species pool at each level of diversity. In this design, every species is drawn at random from a pool of S species without replacement, such that each species is selected exactly once at each level of diversity. Each composition is replicated, as is the process of selecting species without replacement. The design bears similarities to those presented in several other publications (Hodgson et al. 2002; Roscher et al. 2004 Roscher et al. , 2005 and was used in two previous experiments (Bell et al. 2005; Salles et al., forthcoming) . A summary of the terminology is provided in appendix A in the online edition of the American Naturalist.
For an experiment with a species pool of S species, let be the set of all whole number factors d p {R , R , … , R } of S, where R 1 … R d is the number of species at each of the d richness levels. The vector d therefore defines the species richness levels used in the experiment. For example, if , then and . It S p 10 d p {1, 2, 5, 10} d p 4 should be emphasized that although only factors of S can be used, it is not necessary to use all species richness levels that could be used in the experiment; so, for example, including the monocultures is not required. Evidently, simply removing levels of richness would decrease the ability to detect some of the effects of interest. Eliminating levels of richness but increasing replication elsewhere in the experiment would increase the power of detecting effects but would decrease the generality of the results.
For any given element of d there are S/R compositions each with R species present, so for and S p 10 R p 2 there are five different compositions. The species that make up the compositions are chosen at random by sampling the S species without replacement such that every species is sampled exactly once from the species pool; so, for and , the six species would be partitioned R p 3 S p 6 into two three-species compositions (Wacker et al. 2008) . The complete process of constructing a set of experimental units is carried out independently Q times (i.e., there are Q "partitioned species pools"). For any given S, the total number of experimental units following this procedure is . We illustrate the design in figure 1 ,
Rd using a pool of species. If the random partitions S p 6 design is used in combination with the linear model approach that we outline below, it is possible to separate the impact of "nonlinear species richness" from the effect of species identity. As we will show below, the "nonlinear species richness effect" is a good proxy measure of both positive and negative species interactions.
The current method is not limited to additive or substitutive designs (Harper 1977) and stipulates only that the abundances of species be initially equal. This gives each species an equal chance of dominating the functioning of the community, and final species abundances would be expected to adjust accordingly. This would be an acceptable assumption for most plant communities where the law of constant yield (Harper 1977) applies but would otherwise have to be ascertained on a case-by-case basis. Alternatively, for short-term experiments where abundances do not have the opportunity to adjust, it might be possible to scale the species identity effects (see below) by a coefficient indicating their initial abundance, but we do not address this possibility in this study.
Analysis of the Random Partitions Design

Model Structure
In a biodiversity-ecosystem functioning experiment conducted according to the random partitions design (see above), for each of the experimental units, each of f (S) the S species is scored as being present or absent, and each of the M compositions is independently replicated n times. The least squares model can then be described by
where y is the response variable (i.e., ecosystem functioning), b 0 is the intercept, b R is the effect of species richness on ecosystem functioning where richness is treated as a factor with S levels (i.e., rather than as a continuous variable), x R codes for the particular level of species richness, b i is the effect of species i on ecosystem functioning, x i codes whether species i is absent ( ) or present
Q is the effect of the particular "partitioned x p 1 i species pool," x Q codes for the partitioned species pool, b M is the effect of compositions, x M is a factor that codes for the particular composition, and e is a vector of random errors. Each of the i species coefficients can be gathered into a single term, , which we interpret as the overall
effect of species identities on ecosystem functioning. Each of the terms in equation (1) is associated with a corresponding sum of squares (SS 0 , SS R , SS 1 , SS 2 , …, SS S , SS Q , and SS M ), which are calculated sequentially in the order in which they appear in the equation.
The principal difficulty with this method of analysis (which also exists for all approaches that use this formulation) is that the terms in equation (1) are not independent (i.e., the model is overdetermined). Consequently, the order in which the terms are entered into the model determines the outcome of the least squares fit. So, for example, if species richness is entered into the model before the species effects (as is shown in eq. [1]), then some portion of the sum of squares attributed to species richness (SS R ) cannot be attributed to species identity at the same time (SS I ). This dependence of the species identity term on the species richness term (or vice versa) is unavoidable because, for example, the species richness is known once the single species identities are known. Similarly, if we know the species richness and whether all but one of the species is present or absent, we immediately know whether the final species is present or absent. There is therefore an inevitable interdependence between SS R and SS I that causes their sums of squares-obtained by fitting each term first in separate models-to overlap. However, when the random partitions design is used, it is straightforward to quantify the degree to which SS I and SS R overlap. To do this, we break down the species richness term into linear and nonlinear contrasts,
where b LR x LR is the effect of linear richness (i.e., richness treated as a linear, untransformed, continuous variable), b NLR x NLR is nonlinear species richness treated as a categorical variable with degrees of freedom and is the S Ϫ 2 effect of richness not attributed to the linear richness term, and SS LR and SS NLR are the sums of squares associated with each of those terms. We can now rewrite equation (1) to reflect these new definitions:
One feature of experiments that use the random partitions design is that the portion of SS R that overlaps with SS I is exactly equal to SS LR . Consequently, once b LR x LR has been entered into the model, the effect of species identity ( ) and the effect of nonlinear species richness
are orthogonal (i.e., do not share sums of squares). The formulation presented in equation (3) therefore provided two insights: first, it has explained the degree to which composition and richness overlap, and second, it has obtained species identity and richness terms that are orthogonal.
We have illustrated this process using a simple numerical example. First, we created a vector of ecosystem functioning values for each of the compositions shown in figure 1. For the purpose of this example, the ecosystem functioning values for each composition were calculated as
where y j is the functioning of composition j, d j is the species richness of composition j, and e is the standard normal random error ( , ). Without loss of genmean p 0 SD p 1 erality, we assumed that none of the compositions were replicated (i.e.,
). The data used in the following analn p 1 ysis, which are only one possible realization of the data, are plotted in figure A1 in the online edition of the American Naturalist. We first partitioned the total sum of squares into sums of squares due to compositions (SS M ), "partitioned species pools" (SS Q ), and residual error (model A in fig. 2 ). The residual error is equal to 0 for this example because the M compositions were not replicated.
When species richness and the individual species effects were added to the model in the order that they are presented in equation (1), SS R explained part of the variance previously attributed to SS Q , and SS I explained part of the The data were generated from equation (5) and are plotted in figure A1 in the online edition of the American Naturalist. Model A is . In model B, species richness is entered before species identity (as in eq.
[3]). In model C, species identity is entered before
species richness (the order of the species identity term and the species richness terms is reversed). The arrows indicate how the error sums of squares SS Q and SS M are partitioned into sums of squares attributed to species richness and species identity, respectively. The dashed arrows indicate how the composition sum of squares is a composite of the effect of species identity and the effect of linear richness when species richness is entered into the model first. The degrees of freedom (df) associated with each source of variance and the appropriate denominator source of variance for F-tests (F-den.) are also indicated.
variance previously attributed to SS M (model B in fig. 2 ), thus demonstrating that we have identified the correct error terms for SS R and SS I , respectively. If the species identity term was added before the species richness term, then the value of SS I increased and the value of SS R decreased. When the richness term was divided into linear and nonlinear contrasts (as in eq.
[3]), it is clear that the amount by which SS I increased (and SS R decreased) was exactly equal to SS LR (model C in fig. 2 ). As we noted above, the degree to which SS R and SS I overlap is therefore exactly SS LR . Thus, if SS LR is entered into the model before SS I and SS NLR , SS I and SS NLR are orthogonal, so their order of entry does not matter. See appendix B in the online edition of the American Naturalist for step-by-step instructions on how to conduct these analyses. It is worth noting that a similar dependence exists between SS R and SS I on the one side and SS M on the other side. As we have mentioned, a fully factorial design would include all possible compositions (i.e., all main effects and interactions of species identities). Even if we do not have all possible compositions, the rule still applies that as soon as differences between compositions are explained, all differences between richness levels and species identities are also explained. We therefore always list the compositions term after the richness and identity terms.
Finally, it should be noted that the variance due to nonlinear richness is derived from the partitioned species pools, whereas the variance due to species identity is derived from species compositions. Thus SS M is the appropriate denominator for F-tests involving SS R , whereas SS Q is the denominator for SS I ( fig. 2) .
Interpretation of the Linear Model Coefficients
In biodiversity manipulation experiments we are often interested in whether one species has a much greater effect on ecosystem functioning compared to the other species. We can easily obtain the impact of each species relative to the "average" species using our linear model framework by adding the linear effect of species richness before the individual species effects (i.e., in the order that they are entered in eq. [3]). As we have argued above, the first reason why we favor this formulation is that species identity (SS I ) and nonlinear species richness (SS NLR ) are orthogonal once linear richness (SS LR ) has been added to the model. The second reason is that . As a result,
the b i coefficients become a measure of the effect of species i on ecosystem functioning relative to the average species, where a positive coefficient indicates the species has an above-average contribution to function and a negative value denotes a below-average contribution. The third reason why we favor this formulation is that the nonlinear species richness coefficients give the degree to which levels of species richness deviate from the linear expectation. As such, we can use the sum of squares (or variance) of these coefficients as a surrogate for the importance of interactions among species. Significant nonlinear richness terms would be consistent with the hypothesis that species in-teractions are important in determining the shape of the biodiversity-ecosystem functioning relationship.
Other analyses are possible such as fitting the species coefficients before fitting linear richness. The key is that different hypotheses about species identity are being tested when linear richness is fitted before or after the other terms. If linear richness is added before the other terms, the hypothesis being tested is that the species effects are linear and equivalent and that any further effects of species richness represent deviations from linearity. Finally, it is worth noting that, although the species identity and nonlinear richness terms are orthogonal, the individual coefficients associated with each of S species are not orthogonal.
Ecological Scenarios
The principle goal of the analysis that we have presented is to infer ecological mechanisms. To this end, we outline four ecological scenarios below and discuss how they can be interpreted using our approach. These are meant to be simple, contrived examples where it is possible to judge the performance of the analysis method in situations where we know how it should behave. Instructions on how to conduct these analyses are presented in appendix B.
Scenario 1: Species Are Additive and Equivalent
Consider first a situation where the species in a community have an equivalent effect on ecosystem functioning and are independent. This would be a community where none of the species compete for resources, share predators, or interact in any other way. If that is the case, the effect of every species on ecosystem functioning is additive. To avoid effects of different initial densities of species among richness levels, we use an additive design (i.e., there are initially twice as many individuals in two-species mixtures as in monocultures, four times as many in four-species mixtures as in monocultures, etc.). Note, however, that as long as the law of constant final yield applies (e.g., for plants), the following also applies to the substitutive design where the total initial number of individuals in a community is held constant (Schmid et al. 2002b ). The consequence of noninteracting species is that ecosystem functioning is simply the sum of the ecosystem functioning of the monocultures of the species that constitute that composition. Here,
i 6 where y is the measured level of ecosystem functioning, b i is the actual effect of species i on ecosystem functioning, and x i indicates whether species i is present or absent in the composition. So, for example, for a composition containing species 1, species 3, and species 4, the amount of ecosystem functioning would be calculated as y p b ϩ occur if the contribution of each species is density independent (i.e., each species at the end produced 1/6 at all richness levels irrespective of its starting density). When the results are plotted as a function of species richness, there is a linear relationship with no variation around the least squares line ( fig. 3A) . As we have discussed, there are several ways of modeling the results of scenario 1. If we fit a regression model where the species effects are entered first and the species richness term is entered second, we obtain the regression equation
1 2 6 R 6 6 6
From this equation, we would conclude that the species identity (the coefficients associated with each of the species) explained all of the variation in ecosystem functioning, while species richness (x R ) explained none of the variation in ecosystem function ( fig. 4A ). In contrast, if species richness was entered before the species effects (as in eq. The difference between equation (6) and equation (7) is that the species coefficients in equation (7) represent the effect of each species relative to the "average" species. For this formulation, the linear effect of species richness is not useful on its own; rather, we use the linear effect of species richness to give us species coefficients that are ecologically meaningful. Since the coefficient of every species is equal to 0 in equation (7), we can (correctly) conclude that the actual effect of every species on ecosystem functioning is equal to the average species, or in other words, every species has the same effect on functioning. In equation (7), the absolute effect of each species is J p m ϩ b p i i (see eq.
[5]), so the absolute effect of each species 1/6 ϩ 0 relative to the mean level of functioning is the same for both equation (6) and equation (7). Note that the effect of nonlinear richness is 0 (table 1).
Figure 3:
Relationship between species richness and ecosystem functioning for the four scenarios described in the text. A, Scenario 1: species are additive and equivalent. B, Scenario 2: species are additive and different. C, Scenario 3: species are obligate mutualists (facilitation). D, Scenario 4: species compete for a single resource (negative interactions). Each data point is one species composition, and the numbers show the identity of the species within each composition. For clarity, only one partitioned species pool is shown at each level of richness ( in fig. 1 ). P p 1
Scenario 2: Species Are Additive and Different
The analysis that we have outlined is also applicable if the species effects are not equivalent. For example, we can set the effect of each species on ecosystem functioning to be The value of the denominator of b i is arbitrary but for convenience is taken to be 91 so that the summation over all species is equal to unity. Unlike in equation fig. 2 ). Each data point is one species composition, and the numbers show the identity of the species within each composition. For clarity, only one partitioned species pool is shown at each level of richness ( in fig. 1 ). P p 1 fects. For example, the effect of species 5 is predicted to be (from eq. [9]) the sum of the effect of linear richness (1/6) and of the coefficient associated with species 5 (0.108), which we find is equal to the "correct" effect of species 5 on ecosystem functioning:
. 2 1/6 ϩ 0.108 p 5 /91 As for scenario 1, the b i coefficients give the average effect of every species on species richness because the coefficients sum to 0. We would say, for example, that a composition that contains species 6 has a level of ecosystem functioning that is 0.229 higher than the situation where it was replaced with an "average" species. Similarly, we would expect a reduction in the level of ecosystem functioning of 0.229 if species 6 were replaced with an average species. This is clearly an important conclusion from the perspective both of the ecology of this community and of conservation or invasion biology, where estimating the average degree to which extinctions or invasions will influence functioning is of particular importance. As for scenario 1, the nonlinear effect of species richness (b NLR ) is 0 (table 1).
Scenario 3: Two Species Interact
We now consider a scenario where species interact. In the simplest situation, the level of ecosystem functioning is determined only by interactions among two species. For each composition, ecosystem functioning was calculated as Note: The values of the linear model coefficients associated with the intercept (b 0 ), linear richness (b LR ), the identity of the six species (b I ), and nonlinear richness (b NLR ) are given for the four ecological scenarios described in the text. Scenario 1 p species are additive and equivalent; scenario 2 p species are additive and different; scenario 3 p species and are obligate mutualists (facilitation); scenario 4 p species are different and compete for the same resource (negative interactions). Note that the species effects are nonzero only when species have different effects on functioning (scenarios 2, 3, 4) and that nonlinear richness is nonzero when there are interactions among species (scenarios 3, 4). species 1 and species 2. In the first instance we define , which describes a situation where ecosystem b p 1 1#2 functioning is greater than 0 only when species 1 and 2 are present in a composition together. Ecologically, this might represent an obligate mutualism.
The results of this scenario are plotted in figures 3C and 4C. There is a positive relationship between species richness and ecosystem functioning. Our analysis indicates (correctly) that the compositions that contain species 1 and 2 have an average greater level of functioning and that compositions that contain the other four species have an average lower level of functioning (table 1) . For example, on average, the addition of species 1 to a composition will increase the level of ecosystem functioning by Ϫ0.167 ϩ . Since we know the underlying 0.188 ϩ 0.229 p 0.250 model that generated the data, we know that this increase in functioning actually reflects the proportion of compositions that contain species 2. To get at the mechanisms involved, it is necessary to model the interactions among the species.
We have introduced the nonlinear richness term as a surrogate measure for species interactions. Once linear species richness is added to the model, nonlinear species richness is the effect of species richness independent of the species identity. We suggest that nonlinear species richness is a good proxy for estimating the importance of species interactions when there are insufficient degrees of freedom to actually estimate all of the interaction terms. This is hinted at in this particular example because, in contrast with the previous scenarios, the b NLR coefficients are nonzero (table 1) . It is straightforward to demonstrate how b NLR and species interactions are related by varying the value of in equation (10). The example shown in b 1#2 figure 3C has . If is varied between 0 and 1,
there is a linear relationship between and b NLR (see b 1#2 appendix B and fig. A2 in the online edition of the American Naturalist). Crucially, this relationship is not altered by altering the species main effects (b 1 , b 2 , …, b S ). Thus b NLR appears to accurately reflect the importance of interactions among species independent of the species' main effects.
Scenario 4: Species Are Additive and Interact
We now consider a scenario where several species interact, in this instance by competing for resources. At one extreme, all six species compete for a single resource, which is a scenario that has frequently been used to illustrate the "selection effect" (Tilman 1999b ). We set the "competitive ability" of each species to be as in equation (8) (i.e., the "competitive ability" of species i is i 2 /91). If all of the species are competing for a single resource and it is assumed that each species starts at equal abundance and only a single species can persist on the resource, the species with the highest competitive ability will drive the others to extinction. Once the poorer competitors are driven to extinction, the level of functioning is set by the victor. We assumed that the level of ecosystem functioning associated with each species is proportional to their competitive ability. So for example, if a composition contains species 1, 2, and 3, it will be the case that species 3 drives the other two species to extinction and the level of ecosystem functioning will be 3 2 /91. The scenario can be summarized by the following equation: where is the maximum competitive ability that is max {•} present in each composition. As for the other scenarios, the compositions shown in figure 1 are used. As for the previous examples, we first fit linear species richness ( fig.  3D ) and then estimate the impact of each species relative to the average species by fitting the individual species effects (table 1). As for scenario 3, the nonlinear richness coefficients are nonzero (table 1) .
There is again a positive relationship between diversity and functioning. In the language of the biodiversityecosystem functioning literature, there is no effect of biodiversity per se, because the level of functioning is set by which species are present in a composition rather than by the number of species that are present. In the language of our analysis, we would say that only interactions among species are important. If we could describe this situation fully, we would likely find that all of the two-, three-, and S-way interactions are significant. We cannot estimate all of the interaction terms but instead use b NLR as a surrogate.
We predicted that b NLR would approach 0 as interactions among species become less important. We have performed a simple simulation where the number of interacting species decreased from all six (as above) to 0 (as in scenario 2). If species' niches either overlap completely or do not overlap at all, we can vary the number of overlapping niches (k) from 0 to 6. Ecosystem functioning is then calculated as
where the coefficients (bs) are defined as in equation (8). In this list of scenarios, the species are completely complementary when , and their niches completely overk p 0 lap when . As predicted, this is mirrored by an ink p 6 crease in b NLR ( fig. 5 ). This scenario also emphasizes another advantage of this experiment design: since every species is included at each richness level, the functioning of the best community at each richness level is constant. This result is not guaranteed in other designs and would be important especially if one cannot conduct the additive partitioning analyses of Loreau and Hector (2001) .
Application
We applied the method to two data sets. The first is from a published study that manipulated 72 bacterial strains and measured community respiration (Bell et al. 2005 ). The second is from an unpublished experiment that manipulated six plant species and measured community biomass (see app. C in the online edition of the American Naturalist). As previously documented, bacterial community respiration increased with increasing bacterial diversity ( fig. 6A) . Although a few of the individual species effects were significant ( fig. 6B ) and species identity was in general significant, much more of the variation was explained by nonlinear richness (fig. 6C ). In contrast, there was little apparent relationship between diversity and functioning for the plant experiment ( fig. 6D ). Relative to the number of species that were manipulated, many of the species were significantly associated with relatively high (Lolium perenne, Lolium arundinaceum) or low (Agrostis stolonifera, Poa pratensis) levels of functioning ( fig. 6E ). Overall, there was a highly significant effect of species identity but no significant effect of nonlinear richness ( fig. 6F) , confirming that the level of functioning was dependent largely on the identity of the species present in the community.
The method we have described therefore highlights the disparities between these communities. The bacterial community consists of a set of interacting species where no single species is able to dominate. In the plant community, interactions among the constituent species are relative unimportant. Rather, the level of functioning is determined principally by the identity of the species that constitute each mixture rather than the species richness of the mixture.
Discussion
The approach that we describe above is intended to provide an alternative for designing and analyzing biodiversity-ecosystem functioning experiments. The intention is not to supplant current methods but rather to develop methods around the data that can be collected rather than vice versa. Current analyses require knowing the relative contribution of every species to functioning (Loreau and Hector 2001; Fox 2006 ) and the functioning of each species in monoculture (Loreau and Hector 2001) .The current approach makes it possible to estimate the importance of interactions among species when these data are unavailable. So long as the experiment is designed as we have described, all that is required is the initial composition of the communities and an estimate of total ecosystem functioning. Designing the experiment according to the random partition design endows the analysis with certain desirable properties, including orthogonality of the summed species identity and nonlinear richness terms. The numbered panels below the X-axis illustrate which species have overlapping or nonoverlapping niches, where the numbers denote the identity of the species. Overlap along the horizontal axis indicates that those species have overlapping niches. There is no niche overlap in the leftmost panel, whereas all species have overlapping niches in the rightmost panel.
We believe the method presented here makes the good use of data particularly in situations where the functional contributions of species are unknown. We would argue that research efforts have been devoted almost exclusively (Balvanera et al. 2006 ) on plant standing biomass to the detriment of studying considerably more important functions simply because it is easy to measure and to break down into functional contributions. At the very least, the method outlined here allows interpretation of data in the absence of knowledge of functional contributions.
There is, in addition, a separate class of ecosystem functions that constitute emergent properties since they can be measured only for the community as a whole rather than for the constituent species (Fox and Harpole 2008) . These include, for example, the stability (Wardle and Grime 2003; Ptacnik et al. 2008) or the resistance to invasion (Arenas et al. 2006 ) of a community. By definition, these cannot be broken down into functional contributions, so it has been suggested that they should be viewed in a fundamentally different manner (Fox and Harpole 2008) . No such separation is required so far as the current analysis is concerned. Although it would typically make little sense to attribute a portion of, for example, invasion resistance to a specific species, in our analysis the marginal species identity effects indicate whether a particular species is associated with invasion resistance to a greater or lesser extent than the average species. The question of why certain species are associated with high/low levels of functioning is more difficult to ascertain and would require further experimentation. Although these are purely statistical properties, it is clearly of interest to calculate these properties to understand how they are affected (on average) by the exclusion or inclusion of particular species.
One of the key controversies in biodiversity-ecosystem functioning research is that mechanisms must be inferred at the analysis stage. Two "effects," the selection effect and the complementarity effect, have drawn particular attention (Tilman 1999b) . One of the benefits of the current design is that every species is given an equal chance to contribute to the selection and complementarity effect, whereas this would not be the case for other designs. In addition, nonoverlapping species compositions avoid a purely statistical variance-reduction effect.
Scenarios 1 and 2 demonstrate that our linear model approach is well suited for describing situations where species are completely complementary. Not only is the analysis able to identify that all species are complementary ( ), the analysis also identifies the relative impact b p 0 NLR of each species on functioning and so provides crucial information about expected levels of functioning should one of the species be added or lost from a composition. Scenario 3 gives an example of positive interactions, whereas scenario 4 is an example of negative interactions. It is at this point that the comparison with methods derived from the Price equation (Loreau and Hector 2001) breaks down. Positive interactions, such as facilitation (scenario 3), would be considered part of complementarity effects in the additive partitioning method, whereas here we consider it the positive interaction of two species identity effects. The current design does not explicitly examine the relative importance of selection effects. However, if only a subset of the pool of available species interacts, there will be a selection effect because the interacting species are more likely to occur together at high levels of species richness. For example, if two species compete for resources, the best competitor will persist, and so the level of ecosystem functioning will be set by the victor. The likelihood that the best competitor will be included in a composition increases with increasing species richness, so the level of ecosystem functioning increases with increasing species richness. In the same way, any ecological interaction (competition, predation, facilitation, etc.) will result in a relationship between species richness and ecosystem functioning due to the increased probability that the interacting species will be in a composition together at higher levels of diversity. The b NLR coefficient provides an estimate of the importance of species interactions and so can directly measure the importance of nonlinearity of species identity effects. When b NLR is high, the selection effect as defined here (i.e., which includes facilitation) will be important in determining the level of functioning because species interactions are important in determining functioning, whereas when b NLR is near 0, complementarity (excluding facilitation) will determine functioning so long as the individual species coefficients are significant. Contrasting the relative importance of species interactions versus their additive effects might prove a profitable avenue for future biodiversity-ecosystem functioning studies.
Rather than manipulating species richness, a number of studies have manipulated functional group richness and measured ecosystem functioning (Symstad et al. 2000; Wardle and Zackrisson 2005; Hoehn et al. 2008; Griffin et al. 2009 ). The current approach can also be applied to experiments using functional groups such that every functional group is selected without replacement at each level of functional group richness. If the random partition design is applied in this way to functional group richness, the linear model approach we have described will bear the same properties for the functional groups as it does for manipulations of species. For example, in an experiment designed in this manner, the functional group identity effects would be orthogonal to nonlinear functional group richness. However, it is unclear to us whether the approach can be used to simultaneously assess the roles of functional group richness and species richness; this might prove to be a fruitful avenue for future research.
Finally, it should be stressed that in our method, ecological mechanisms are implied rather than deduced. It will always be the case that to conclusively demonstrate interactions among species (or lack thereof) will require knowledge of functional contributions of each species. This should not prevent us from studying situations where this information is unavailable. The analysis and design described in this article provide a new starting point for interpreting biodiversity-ecosystem function experiments.
